Abstract: As the demand for over-the-top and online streaming services exponentially increases, many techniques for Quality of Experience (QoE) provisioning have been studied. Users can take actions (e.g., skipping) while streaming a video. Therefore, we should consider the viewing pattern of users rather than the network condition or video quality. In this context, we propose a proactive content-loading algorithm for improving per-user personalized preferences using multinomial softmax classification. Based on experimental results, the proposed algorithm has a personalized per-user content waiting time that is significantly lower than that of competing algorithms.
Introduction
Media content distribution today is mainly based on online live streaming services, such as Youtube, Netflix, and Hulu. The major content distribution services are based on an over-the-top (OTT) service technology, which allows for the provision of a variety of Internet-based media content by third-party operators, such as the major communication and broadcasting operators. As the demand on OTT streaming services increases constantly, provisioning the Quality of Experience (QoE) for individual users becomes more important than ever [1] . OTT services that guarantee high QoE by considering individual user requirements are primarily sensitive to service delays, which severely degrade user satisfaction [2] . Therefore, various QoE provisioning techniques have been proposed in the literature to provide continuous multimedia services. In the prior related research work, QoE-related studies have considered variables in the metrics that would be only associated with the communications environment. For OTT and online streaming services, however, one additional variable is added: the user. Because users can take multiple actions during the progression of a video stream, at the level of seconds, various complex variables are added that may affect the QoE [3, 4] . For example, this characteristic has been represented in a limiting phenomenon as a result of interest degradation caused by prolonged watching, and as captured in the single stimulus continuous quality evaluation (SSCQE) methods [5] . As such, and as this limiting point is reached, a user typically passes the video over the current part of progress to another interesting part. The adaptive streaming method, one of the existing approaches to ensuring QoE, fosters its limitations under the preceding scenario. Because the quality only changes depending on the environment in which video is played, and because the order in which a video is received is sequential, it is often the case that the parts of interest to users are not yet downloaded. As a result, users are made to feel uncomfortable by the resulting delay in obtaining the next chunk corresponding to the video part of interest. Under such circumstances, the previous studies trying to address QoE through pure quality of service environment metrics optimization are not suitable to address the users' behavioral patterns and reactions, mainly because they only focus on the users' environment, rather than users' direct action (e.g., skipping) [6, 7] . In particular, the existing techniques to address the problem do not guarantee a high QoE.
To this end, this work is mainly focused on a new method that provides a personalized online live video streaming using multinominal classification. Basically, the suggested method considers users' viewing patterns to reduce the loading delay. To provide a customized loading order for each user, the method collects users' viewing pattern (e.g., skipping) data generated while watching the video. The method predicts users' action probability for each chunk obtained by the collected data and the softmax algorithm. The end goal of this classification is to optimize the user experience. First, we start by describing several previous studies for streaming transport techniques to improve the quality of streaming services considering the state of the network. Then, while addressing the shortcomings set forth earlier, we also propose an optimized streaming transport technique for users. The technique is called user-based adaptive streaming (UAS). The proposed technique classifies users' video viewing patterns based on a softmax algorithm, and then receives the chunk of video by priorities based on the analysis results. This investigation reflects not only the changing state of the network, but also the viewing patterns of users. These findings enable the partial units (chunks) to be transmitted efficiently. This will allow us to satisfy the different QoE criteria of each user.
The rest of this paper is organized as follows. Section 2 describes the existing relevant studies. Section 3 describes the UAS algorithm proposed in this paper. Section 4 verifies the performance of the UAS method by using a simulator and discusses its limitations. Section 5 concludes.
Related Work
There are several approaches to conduct streaming under QoE assurance requirements depending on network conditions [8] [9] [10] . In this section, we review the previous and well-known video streaming techniques and discuss corresponding limitations. In the following, the progressive download (PD) [11, 12] , HTTP-based adaptive streaming (HAS) [13] , Scalable Video Coding (SVC), and Dynamic Adaptive Streaming over HTTP (DASH) [14] methods are presented.
Progressive Download Method
The progressive download (PD) method is a widely used multimedia streaming technique (refer to Figure 1 ). The PD method places the file on the web server and notifies the user with the address of file. Therefore, users are enabled to download and use the media file from the provided URL where the file is located. In order to maintain a high QoE without interrupting the media through PD, the network speed from the server to the user must be higher than the media's data rate. For instance, suppose a user has a 1 Mbps video, the minimum speed of the network should be above 1 Mbps to ensure seamless video playback. In this context, the PD method is simple to implement, and does not incur any additional costs. However, the PD method has several security issues, mainly because users must download the media file directly. Accordingly, PD is more suitable for the Video On Demand (VOD) market, rather than the OTT market. 
HTTP-Based Adaptive Streaming (HAS) Method
HTTP-based adaptive streaming (HAS) is a method that streams small pieces (chunks) of media to a server depending on the user's network status. Since the media file has various bit-rate types encoded, a bit rate can be selected depending on the network conditions. In addition, the chunks streaming method also makes it easy to select the media quality, even while watching a video [15] . However, HAS considers only the network status as a variable. That is, HAS does not consider "users" in the online streaming service, or their behavior, as variables (e.g., as in the OTT service).
Scalable Video Coding (SVC)
Scalable Video Coding (SVC) is a video coding method created by the Joint Video Team (JVT) of the ISO/IEC. The SVC method [16] is able to maintain the reconstruction quality associated with the rate of partial bit streams by enabling the transmission and decoding of such partial bit streams, as illustrated in Figure 2 . In particular, the SVC method builds up multiple layers into a single video file. For example, assume that a single video file is encoded into three layers of high quality, medium quality, and low quality through the SVC method, denoted by layer 3, layer 2, and layer 1, respectively. In contrast to when the user chooses layer 1 (where only low-quality layers will be transmitted), when the user selects layer 3 all of layers 3, 2, and 1 are sent at once. This allows the user to be provided with all three quality levels of videos. For that reason, layer 3 is an enhancement layer and layer 1 is a base layer. In other words, SVC enables the transmission of video with various resolution and image quality while retaining bit rate, so that the user can be provided One Source Multi-Use (OSMU) [17] service through one encoding. Therefore, as in previous studies, the SVC method has been studied in real-time video streaming [18, 19] . In particular, datasets through SVC methods have been used for Dynamic Adaptive Streaming over HTTP (DASH) technology. 
DASH
The DASH method is able to provide video services with disparate features (e.g., adaptive bitrate switching) at different service types (e.g., on-demand, time-shifted viewing) to users, as illustrated in Figure 3 [20] . The DASH method has been studied for contributing to seamless video streaming services on one's mobile device. That is, the DASH aims to provide high-quality video not only in the case of the traditional video streaming services (which do not have any interaction with user), but also in cases with user interaction. The Real-Time Streaming Protocol (RTSP) method, one of the traditional video streaming methods, uses a stateful protocol. Upon a user connecting to the streaming server, the server keeps track of the state of the user's environment. After that, the server transfers continuous streams of packets (video) over UDP or TCP [21] . Unfortunately, the Hypertext Transfer Protocol (HTTP) is stateless, and the RTSP method operates based on HTTP. On the other hand, the DASH method has media (video) for various bitrates on the host's HTTP server. In practice, the user requests the most suitable bitrate file for user's network state based on a reference by the media presentation description (MPD) file. This feature allows customized files to be sent. In addition, the progressive download (PD) streaming method has multiple weaknesses with respect to bandwidth, bitrate adaptation, and live streaming. The DASH method compensates for these kinds of RTP/RTSP-based defects of PD through the trick mode, including rewind, fast skipping, etc. In this way, the DASH method enables live streaming considering user interaction. However, DASH falls short of considering the whole spectrum of interaction, including the viewing patterns of users. Each user has different viewing patterns depending on genre, video length, etc., which need to be taken into account when designing a protocol. In other words, previous studies of DASH considered the devices (desktop computers, smartphones, tablets, etc.) that users use to watch media. Moreover, they enable adaptive-bitrate streaming according to users' network conditions. However, these studies focus on the users' environment rather than the users' direct action (e.g., skipping). Therefore, we propose a method to overcome this problem. Toward this end, in this paper we consider the prediction of users' viewing pattern, and incorporate this pattern in the operation of DASH, namely in its trick mode to make DASH faster. 
System Model and the Proposed Algorithm
Unlike the VOD market, which are one-way services, online streaming services allow users to enjoy video services interactively. The interactive actions in videos can be (i) stopping, (ii) skipping, or (iii) returning to desired parts of the video. This section describes the proposed personalized user-based adaptive streaming (UAS) method to overcome the issues with traditional adaptive streaming techniques. The UAS method aims to provide the best QoE through personalized user-optimized streaming service provisioning.
System Model
The overall process and the overall streaming system architecture using the UAS method proposed in this paper are shown in Figures 4 and 5 , respectively. As illustrated in Figure 5 , the basic components in this system are similar to those in DASH methods (details are in Section 2.4). However, the proposed UAS method includes more components, which are used to re-order the arriving chunks from servers. The UAS method is implemented at the server side. Thus, the basic process of UAS works in the same way as DASH. However, UAS re-organizes the received order of the units of video (i.e., chunks). In other words, the request is generally not sequential, and the chunk priority is set per chunk and then chunks are streamed according to their priority. A detailed method of prioritizing chunks by each user is described in Section 3.2.
Details of the Personalized UAS Method
The UAS method prioritizes the video chunks being transmitted by predicting user viewing patterns. That is, in order to provide a high QoE to individual users based on personalized differentiated requirements, the UAS method collects users' viewing patterns and classifies the priority of video chunks to be watched by a user based on the collected viewing patterns. This means that the chunk with the highest priority will be served before all other chunks.
The pseudo code in Algorithm 1 shows the process used in the UAS method. The UAS method uses the softmax algorithm [22] , which is widely used for multinomial classification in the machine learning research community [23, 24] . Based on the softmax-based multinomial classification with N classes, it is appropriate to assign decision probability values p i , ∀i ∈ {1, · · · , N} for classes c i , ∀i ∈ {1, · · · , N} (note that ∑ ∀i p i = 1). Therefore, our proposed UAS method uses the softmax to classify the priority of chunks based on user viewing patterns. In order to compute the softmax-based classification, multiple binary classification (or logistic regression) is used.
Algorithm 1 Pseudo code of the UAS method.
1: e ← 0 2: while e = 0 do 3: for c ← 0 to n do 4: progressive download on c
5:
end for 6 : end while 7: r ← so f tmax(n, t) 8: for all result r in R do 9: r ← sort(r) 10: Streaming request of r to server 11: end for If we judge class A or not in a binomial classification, then the multinomial classification [25, 26] will determine whether the class is A, B, or C. In this case, if classes A to C in multinomial classification are assumed to be the same as the video chunks, we can obtain probability values using the softmax for each chunk as shown below. Before describing the detailed softmax application process step-by-step, for the basic formula for softmax regression, we have:
The probability of Equation (1) is statistically equivalented as:
where y i is set as the probability of clicking chunks obtained through the action, and x i is the action of the user who uses video streaming services. In practice, given x i and the condition of W, (2) means a normalized probability of the y i label. Applying Equation (2) to the UAS algorithm, an array of Y values obtained through the softmax "W" of each chunk is the probability that the user will click on each chunk. For example, if the result value "Y" is (0.2, 0.7, 0.1), then the loading order of the chunks is chunk#2→ chunk#1→ chunk#3. We apply the above example to Equation (2), which we will explain in more detail in the following. According to Equation (2), the softmax output value of chunk#1, which is the probability of the user to select this chunk, is derived as shown in Equation (3):
where
Based on (3) and (4), and given three chunks, if the viewing pattern of the user of each chunk is (0.8, 0.9, 0.7), and Z is −ln(1/p − 1), Z can be derived as:
.85). (5)
Applying Z to softmax, we obtain: (6) = argmax(0.26, 0.59 , 0.15) = 2 → [Chunk #2 will be selected].
Therefore, the UAS algorithm can set the download priority according to the viewing pattern of the user, so chunk #2 will be downloaded first. The priorities can be different in each of the categories and for each of the users. As a result, even for the same user, the order of sorting result according to the probability of each chunk is derived differently, and depends on the type of video. This priority value changes as the user takes action, and while watching the videos. The pseudo code specified in Algorithm 1 briefly shows the execution process of the proposed personalized UAS method.
Experiments
In this section, we show the performance of the proposed UAS method in various ways with real-world media data. We first outline the settings used for conducting the experiments, followed by the experimental results and discussion.
Settings
In the following we highlight the settings used for evaluating our technique. In our experiments, we assumed that each video, for simulation purposes, had at least one hour of playback time. Moreover, we note that abundant data of average playback history for each user is collected. We assumed that the given video genre of the corresponding histories was all identical. Furthermore, we assumed that each chunk had 2-s duration so that the entire time steps of video playback had 1800 evolution. Based on each user's playback history, the softmax function classifies each user's playback tendency using the calculated probability. The tendencies are composed as follows: infancy, middle, final, and arbitrary playback. For simplicity of simulation, the criteria of classifying playback tendency was set as 2:4:2 ratio from the initial part of a one-hour video, and descending weights were allocated for the corresponding video chunk clicked (or hop) by the user. Note that the weights decreased from 8 to 1 in order of click. After the former steps were complete, average weight values per each tendency category were calculated and utilized for input of softmax function. That is, after calculating average weights value of each playback position category, the values were utilized for the input of the softmax function. The highest value among them was assumed as the user's playback tendency. Taking the softmax property into account, trivial gaps between playback weights can be drastically differentiated. Accordingly, the expected tendency of playback per user can be classified clearly and comparatively in a precise manner. To sum up, given the abundant playback history of each user, proactive loading based on user-specific playback tendency expectation enables users to experience improved QoE. Proactive loading is enabled to prevent the freezing phenomenon, which halts playback of video due to the request of an unprepared video chunk. Thus, the softmax-based user tendency classification system was designed for this purpose.
Before outlining the performance evaluation, we show how the softmax classification works, as shown in Figure 6 .
To measure the experimental environment, we used the video IDs "5Z6XSZcV27Q", "5zL3YJKygd4", "S91KmOLt-Fg", "HzNlrpabXw0", and "rvxGpkkjRyw" on youtube. We supposed that the users watched the same quality video. In other words, we considered users' viewing patterns, which were assumed to be more significant in this paper. As a future work, different video qualities could be considered to support the DASH method. The selection of each video was based on categories, where we selected a representative video of each category: sci-fi, romance, sports, documentary, and comedy. More detailed information of the selected videos is shown in Figure 7 and Table 1. The initial values for learning and the table of resulting values are organized as shown in Tables 2  and 3 . The priority value per category specified in Table 2 was the initial value. All initial values had the same priority. Therefore, all initial chunks had the same value of 0.1. These values were learned according to the behavioral patterns of the user, and then changed as in Table 3 , which are called user-optimized values. Table 3 shows the priority of chunks per video category obtained by learning. The proposed technique was tested under the assumption that the network environment was 24 frames droppedper second. 
Experimental Results
The UAS method proposed in this work controls the priority of the video unit (chunk) through user viewing patterns. Therefore, the loading time according to the adjusted priority application is an important criterion in the performance evaluation. The length of the chunk in the video for each category was designed using the reference video in Figure 7 . For example, if the number of chunks was 8, the chunk length would be set as the the total length divided by 8. Thus, in the case of the video in the SF category, the total length was 2 min and the length of one partial unit ("chunk") was 15 s. Accordingly, the total time to load all eight chunks sequentially was 48 s, so the time to load a single chunk was six seconds. In this way, the length of one partial unit (chunk) of the video in the romance category was 15 s, and the time of loading one chunk was 1.875 s. In a similar way, the length of one partial unit (chunk) of the video in the sports category was 13.125 s, and the time of loading one chunk was 4.375 s. Moreover, the length of one partial unit (chunk) of the video in the documentary category was 21.875 s, and the time of loading one chunk was 9.75 s. Finally, the length of one partial unit (chunk) of the video in the comedy category was 10.5 s, and the time of loading one chunk was 4 s. This is summarized in Table 4 . Based on Table 4 , the user's video viewing patterns were applied to compare the performance. To conduct this comparison, it was assumed that the chunk of each video was skipped one time so that the user skipped the same chunk once, not several times. Moreover, we compared the performance of viewing with and without UAS. The playback of each image was started when one half of the chunk was loaded, and the system waited until the loading finished. As a result, Figure 8 shows the loading time with and without UAS applied. As shown in Figure 8 , the UAS method may incur some waiting time when in the sequential playback mode. On the other hand, when the user viewing pattern is applied, there is almost no waiting time. However, the sum of those two is significantly lower than when the UAS technique is not applied. To that end, we conclude that the QoE index of users who leverage this streaming service with the UAS method applied, as measured by the waiting time, will increase.
Conclusions and Future Work
Previous studies allowed users to select video resolution according to their network conditions by dividing a single video into several parts (chunks). Unfortunately, the user is the most important agent in maximizing the QoE, though previous studies have not considered user viewing patterns. In order to solve this problem, in this paper we propose the UAS method, which is a QoE-enhancement technique for video streaming systems. The proposed UAS technique predicts a partial video skip due to long-time viewing by the user. This prediction prevents unnecessary network usage and guarantees maximum continuity by minimizing the video interruption and delay.
It is necessary to study not only the QoE but also the network utilization by selecting a network in multiple network environments instead of a single network environment, which will be the focus of our future work. Another direction that we leave as future work is considering both video quality and user viewing patterns. Within this context, our experiments assumed all users wanted the same video quality. However, we should also consider different video qualities, which we will pursue as an additional feature of DASH in the future.
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